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Introduction
The use of patent data has a long tradition in innovation research. Most commonly, patents or patent applications, serve as proxies for firms' innovative activities (see, e.g., Jaffe, 1989; Feldman, 1994) . In addition, patents and their citation structure serve as a widely used data base for research on the transfer and diffusion of knowledge (see, e.g., Jaffe and Trajtenberg, 1996; Breschi and Lissoni, 2001) . It is a fact that patent data is often and extensively used. We refrain from discussing all (but one) advantages and disadvantages of using patent data in innovation research. In contrast to other indicators, one of the major advantages of patent data is that it is available: "Unfortunately, in most instances the choice is not between patent statistics and better data, but between patent statistics and no data" (Schmookler, 9966, p. 198) . It is true that in most countries patent statistics are easily accessible and provide a reasonably coherent and reliable data base for innovation research. In Germany, an often used source for patent data is the Patentatlas, provided by the German patent office ('Deutsches Patent-und Markenamt') (Greif and Schmiedl, 2002) . It contains preprocessed patent application data: the numbers of patent applications for different regional levels in Germany. Furthermore, the patent applications are organized in 31 different technological fields which are based on the International Patent Classification (IPC). These IPC classes are aggregated to the 31 technological fields that have been put forward by the World Intellectual Property Organization (WIPO) (see Greif and Schmiedl, 2002, p. 18) . Most importantly, this is true for the German Industry Classification ('Klassifikation der Wirtschaftszweige') established by the German Statistical Office ('Statistisches Bundesamt') (DESTATIS, 2002) . This classification is used for example, for the industry-specific organization of employee numbers. For many applications industry-specific analyses are necessary or valuable. In these cases, it is of uttermost interest to assign patent applications only to those firms or industries that are truly responsible for them. This is especially true for regional analyses, if a researcher has to rely on data of the Patentatlas and wants to relate it to industry-specific data that is organized, for example by the German Industry Classification. In this case, he needs to assign the appropriate patent applications (technological fields) to the correct industries (industry classes). Thus, a concordance is needed between the technological fields and the industries. To the author's knowledge, no such concordance exists between the Patentatlas' technological fields and the German Industry Classification. The paper develops such a concordance on the base of the spatial co-locatedness of R&D employees and patent applications. The employed matching procedure relies on the concordance by Schmoch et al. (2003) between three-digit IPC subclasses and the German Industry Classification. It is aggregated to correspond to the 31 technological fields of the Patentatlas and adapted to the matching between these technological fields (TF) and the two-digit indus-tries of the German Industry Classification (GIC). Information on the extent to which R&D employees of an industry and patent applications in a technological field are co-located across German labor market regions are used in this task. However, the approach represents only a second-best one. A concordance based on firm-level data would seem to be the far better alternative. Such data is however not available to the author. Therefore, the concordance presented in the following should be seen as an "approximate" attempt. The paper is structured as follows: Section 2 briefly describes the technology-oriented classifications by which the patent applications are organized in the Patentatlas. Furthermore, the German Industry Classification is introduced. Section 3 introduces the method used to set up the concordance. This is followed by the presentation of the results in Section 3.3. Section 4 concludes.
2 The Patentatlas and the German Industry Classification 2.1 The German 'Patentatlas'
There are different sources of patent data that are available for researchers in Germany. Most prominently, the German Patent Office offers access to their data. Patent data is also available at the European Patent Office. Both institutions provide mainly 'raw data,' i.e., the complete patent forms with all the information regarding inventor, applicant, technical details, etc. These can be acquired for complete sets of countries and years. Thus, it is up to the researcher to extract the relevant information from these data bases. However, he is often just interested in the total number of patents for a region or a specific industry. This type of data has to be generated with sophisticated queries. The Patentatlas by the German Patent Office (Greif and Schmiedl, 2002) represents an alternative source for patent application data. Its main advantage is that it contains preprocessed data. The patent applications are collected from the European Patent Office as well as from the German Patent Office (without double counts). All applications by German but also by foreign applicants are considered if the inventor's place of residence is located in Germany. This assignment to regions according to the inventors' residence is one of the great services provided by the Patentatlas. Patent applications with more than one inventor are assigned on an equal basis to each inventor and thus to their region and institution. On the base of this 'inventor principle', the patent applications are aggregated to different regional levels: districts ('Kreise'), labor market regions ('Arbeitsmarktregionen'), planning regions ('Raumordnungsregionen'), and federal states ('Bundesländer'). The applications are also published separately for private persons ('natürliche Personen'), public research institutes ('Wissenschaft'), and companies ('Wirtschaft'). Furthermore, Greif and Schmiedl (2002) organize the data into 31 different technological fields that have been put forward by the World Intellectual Property Organization (WIPO) (see Greif and Schmiedl, 2002, p. 18) . This allows to gain an overview ('Gesamtübersichten') of the differences in the patent applications that stem from technological differences (Greif and Schmiedl, 2002, p. 18) . These technological fields are based on two-to three-digit IPC subclasses. Each of these is precisely assigned to one technological field. The share of each class of the technological area is also published. An overview of the technological fields has be extracted from the Patentatlas and can be found in the Appendix in Table 2 . The organization of the patent applications according to regions, technologies, and type of institutions, makes the Patentatlas a valuable data source for regional researchers, saving them much time and guaranteeing high-quality data. However, researchers (especially regional researchers) do not only rely on patent data. They also describe regions in terms of industrial structure, R&D capacities, etc. This data is provided by different sources than the patent data and is organized differently. In the following subsection, we present one major classification of industry-specific data that is commonly employed in studies that also use patent data.
Industry-specific data
In many studies, researchers rely on more than one source of data. For example, for calculating regional performance measures it is of uttermost interest to assign the correct inputs (e.g. R&D employees) to the innovative output (e.g. patent applications as in Broekel and Brenner (2007a,b) ). The investigations are carried out separately for different industries, requiring that the input factors are industry specific and the output is assigned correctly to each industry. In Germany, industry-specific data such as, e.g., employment numbers, are classified according to the German Classification of Economic Activities ('Klassifikation der Wirtschaftszweige') by the Federal Statistical Office ('Statistisches Bundesamt') (for more details, see, DESTATIS, 2002) . It is based on the European Classification of Economic Activities ('Nomenclature statistique des Activitéséconomiques dans la Communauté Européenne'). 1 In its hierarchical order, 1041 subgroups exist, which can be aggregated to 513 classes, 222 groups, 60 divisions, 31 subsections, and 17 sections. This corresponds to 'five-digit levels.' For example, the subsection level corresponds to the 'single-digit level' and divisions to the 'two-digit level.' In the case of Germany, this classification is denoted as German Industry Classification (GIC) in the following. Most of the industry-specific data, employment numbers, firm size, etc., is organized according to this classification. In many instances, it is important to match such data to the patent data provided by the Patentatlas. As for the data used to establish a concordance, we can disaggregate the industry-specific data employed down to the 60 divisions (two-digit level).
However, because we only consider the manufacturing sector, for which patent activities are reported in (Schmoch et al., 2003) , only 21 different industries are relevant. They are listed in Table 3 . As has been pointed out, the Patentatlas as well as the GIC represent important and frequently used data sources. In industry-specific contexts, the 31 technological fields of the Patentatlas are often argued to refer to specific industries (see, e.g., Broekel and Brenner, 2005) . However, the relation between the technologically organized data to data organized in an industrial context is not straightforward. The nomenclature of the technological fields and industries offer little knowledge about the 'true' scope of the activities covered. Thus, it is not clear to which industry the technological field 2 'Food and tobacco' (TF2) should be assigned. In this case, one might expect that the patent applications in this field are mainly driven by innovations in food itself. However, our results suggest that most of the patent applications concern the food processing machines, so that these patent applications should be assigned to the machine building sector. In order to avoid such misassignments, we argue in favor of establishing a concordance between these two different classifications. The procedure of how such a concordance can be established is described in the following section.
Method

General approach
The Patentatlas provides high-quality patent application data on a regional level for different types of institutions. What is missing however, is information about how this patent data can be matched to other data, as organized for example, by the GIC. In principle, setting up such a concordance is simple. If the number of patents each industry contributes to a technological field is known, one can easily estimate the relative importance of a technological field for an industry. Using this relative importance, the most important technological fields can be identified for an industry and vice versa. However, in our case the number of patents an industry applies for in a specific technological field is also unknown. This makes the procedure more complex. Thus, the importance of an industry for a certain technological field is unknown. Furthermore, to the author's knowledge the technological fields do not correspond to any other patent classification for which a concordance with the GIC exists. The patent data provided by the Patentatlas has also not been matched to a GIC before. In this paper, we make use of a concept that has been presented in Broekel and Brenner (2007a,b) : The correlation between industrial R&D employees and patent applications in space is used as an approximation for an industry's importance for the patent applications in a technological field (TF). Greif and Schmiedl (2002) show that the relation between to-tal patent applications and the total number of R&D employees in a region proves to be very strong on the level of planning regions ('Raumordnungsregionen'). However, they do not disaggregate the R&D employees and patents into different industries and technologies, respectively. At the core of the matching procedure, we assign the strongest importance of a technological field to the industry whose R&D employees are correlated most strongly to its patent applications. Of course, we only consider industries of which we know that they apply for patents in a specific technological field. Information about this is found in Schmoch et al. (2003) . The exact procedure is described in the next subsection. The data on R&D employment is obtained from the German labor market statistics. The R&D personnel is defined as the sum of the occupational groups of agrarian engineers (032), engineers (60), physicists, chemists, mathematicians (61), and other natural scientists (883) (Bade, 1987, p. 194ff.) . Further, the R&D employees are assigned to the industries they work in. Since these employees are likely to represent industrial R&D capacities, we use only patent applications by companies, i.e., only the category 'Wirtschaft' in the Patentatlas. By excluding the patents of private persons ('natürliche Personen'), we ensure that the patents of private inventors do not bias the results, because they are not likely to show up in the used employment statistics. However, in doing so, we also tend to exclude patent applications by smaller firms. At this point, this trade-off cannot be conclusively resolved. Further, we do not consider the patent applications by public science institutions (category 'Wissenschaft') as they would bias the results because their employment data is not included in the R&D employee data. Besides choosing the appropriate patent applications, a choice has to be made regarding the used level of spatial units. We decided on the use of labor market regions ('Arbeitsmarktregionen') as an appropriate level. This is justified by a number of reasons. The district level is too small when using patent data that is assigned according to the place of residence of the inventor. The reason for this is that in too many cases an inventor's region of residence is different than the region of his workplace (Greif and Schmiedl, 2002, p. 10) . In this case, the patent would be assigned to the wrong region (region of residence) since the invention originates at the inventor's workplace. In contrast to districts, planning regions (PR) and labor market regions (LMR) are useful levels for such investigations (Greif and Schmiedl, 2002) . Compared to planning regions, LMR offer three additional advantages. First, they are smaller in size than PR. This results in a larger number of LMR than PR: 270 to 97. This improves the reliance of the statistical analysis and is more likely to reveal the true relationship between R&D employees and patent applications. Second, LMR are set up even more functionally oriented than PR by taking only daily commuting behavior into account. Third, labor market regions are under constant revision (see Eckey et al., 2007) . Thus, they reflect up-to-date research on the structure of economic activities in space.
The latter point is of importance also for another reason. The Patentatlas reports the patents for a system of 225 labor market regions. In contrast, we use the more recent delineation with 270 labor market regions as used by the Joint Task "Improvement of the Regional Economic Structure" (see Eckey et al., 2007) . Therefore, we aggregated the district data provided by the Patentatlas to this delineation. In using these data, we are able to develop an "approximate" concordance between the technological fields of the Patentatlas and the German Industry Classification. The quality of the approximation depends on the extent to which the correlation in space reflects the true relationships between R&D employees and the number of patent applications. Thus, the weakness of such an approach lies in the fact that many different industries are strongly geographically co-located. This co-location is likely to bias our results. There is a good chance that we assign high importance to an industry (which may in truth be of little importance) for a TF because it is strongly co-located to an industry that is truly important for this TF. With respect to the data available, we have no possibility to rule out such aspects. However, this is likely to be a problem when the observed correlations are rather low. In these cases, the results have to be interpreted with care. Following the presentation of the data used, we now turn to the description of the procedure of matching the technological fields to the industry classification.
3.2 The development of an 'approximate' concordance 3.2.1 First step: a two-digit IPC subclasses to two-digit GIC industries matrix Patent applications and R&D employees are strongly related. Without industrial R&D employees no (industrial) patents are applied for. Both are, however, organized differently. In the previous sections, we presented the Patentatlas and its 31 technological fields by which the patent applications are organized. In contrast, the R&D employees are classified according to the German Industry Classification (GIC) with its 21 different industries in the manufacturing sector. Based on the assumption that the place of residence of the inventor, which is documented in the patent application, is located in the same labor market region as the R&D employee's workplace, we use this spatial co-location to match the technological fields to the different industries. Figure 1 illustrates the procedure for the relation between TF19, TF9 and industries DF21, DK29. In a first step, we extract the relations between three-digit IPC subclasses and threedigit GIC classes from Annex 2 of Schmoch et al. (2003) . They relate the 625 three-digit IPC subclasses to 44 sectoral fields they defined ex ante. For the same 44 sectoral fields they provide a definite concordance with the 60 three-digit GIC industries. Thus, it is easy to match the IPC subclasses to the GIC industries, using the 44 sectoral fields as links. 2 The matching is represented in the middle of Figure 1 by the arrows emerging from the 2-digit GIC classes to the three-digit IPC classes. For example, in the case of industry DF21.0 the arrows point to all IPC subclasses its firms patent into. Before this information can be used for our purpose, we have to make these concordances concerning relationships correspond to our data. This is achieved by translating the concordance between IPC subclasses and GIC industries to a higher level of aggregation. The 31 technological fields of the Patentatlas are developed on the base of two-digit IPC subclasses. Furthermore, the data on regional R&D employees are available on the two-digit GIC industry level. Hence, the three-digit IPC subclasses to three-digit GIC industries matrix needs to be transformed into a two-digit IPC subclasses to two-digit GIC industries matrix. This is easy on the industry side. We just have to translate the relations between three-digit GIC industries to the higher level of two-digit GIC industries. In Figure 1 this is represented by the arrows departing the three-digit GIC industries to the right, connecting them to the two-digit GIC industries (DF21.0 → DF21). Note that we only develop this matrix for the 21 manufacturing industries and not for all 31 two-digit GIC industries. On the side of the patent application data all three-digit IPC subclasses are easily aggregated to the two-digit level. Hence, the original three-digit IPC subclasses to three-digit GIC industries matrix is transformed into a two-digit IPC subclasses to two-digit GIC classes matrix. It is represented in Figure 1 by all in between the two bold dashed lines. Since in principle it is just a transformation of the information obtained from Schmoch et al. (2003) to a different aggregation level, it is labeled with Schmoch et al. (2003) in the figure.
Second step: the estimation of maximum weights
However, the patent application data is not organized by two-digit IPC subclasses but according to 31 technological fields. In order to correspond to these technological fields of the Patentatlas, the two-digit IPC subclasses to two-digit GIC industries matrix needs to be further aggregated. Although the technological fields of the Patentatlas are developed on the base of two-digit IPC subclasses, the Patentatlas does not provide direct patent application data on this level. The only information available about the set up of the technological fields is the weight of the two-digit IPC subclasses patent application on a technological field's total number of patent applications. In Figure 1 this is illustrated by the arrows emerging from the two-digit IPC subclasses to the left, connecting them to the technological fields of the Patentatlas. In the chosen example the shares of the patent application of each of the IPC subclasses in the TF are given in percentages. In order to aggregate the IPC-GIC matrix to make them correspond to the 31 TF of the Patentatlas, this information is used below. All two-digit IPC subclasses an industry patents into are known (see above). For each of these IPC Figure 1 : Representation of relationships between Patentatlas and GIC subclasses, the Patentatlas provides weight on one particular TF. Thus, in order to estimate the weight of an industry's patent applications in a TF, the weight of all IPC subclasses this industry patents into and which are part of this particular TF, have to be summed up. This is done for all 21 industries, resulting in a 31 × 21 (TF × GIC industries) matrix. Its entries represent the (in principle) maximum share of patent applications in a TF that an industry can be responsible for. Note, however, that it does not represent the share of an industry's patent applications compared to a TF's total patent applications, but the maximum value this share can reach. Again, Figure 1 may be used to illustrates this procedure in the case of industry DF21. Starting from the right side of the Figure, it shows that the two-digit GIC industry DF21 is not disaggregated on the three-digit GIC level. Hence, there is only one three-digit industry (DF21.0) that needs to be taken into consideration. Schmoch et al. (2003) give us all threedigit IPC subclasses this industry's firms patent into. In the figure this is represented by the arrows departing from this industry to the left. For example, DF21.0 patents in to IPC B41M, B42D, B42F, and B44F. Their superior two-digit IPC subclasses are B41, B42 and B44. The Patentatlas provides us with the information that B41 accounts for about 70.0 % of the patent applications categorized into TF9. In the case of B42, about 13.9 % of TF9's patent applications fall into this two-digit IPC-subclass. Finally, B44 accounts for additional 8.4 % of the patent applications of TF9. Since there is no other connection between the industry DF21.0 and TF9 (see Figure 1) , this tells us that at maximum DF21.0 accounts for 92.3 % (70 %+13.9 %+8.4 %) of all patent applications in TF9. This is the case if all patent applications filed in the three-digit IPC subclasses B41M, B42D, B42F, B44F stem from DF21.0. However, all we know is that firms from DF21.0 apply for patents into this subclasses, but not to what extent. 3 However, this procedure gives us the maximum share of applications in TF9 for which it can theoretically account for. Note that 7.5 % of the patent applications in TF9 are classified into the two-digit IPC subclass B43 which no firm of DF21.0 patents into (indicated by the dashed arrow pointing towards B43 in Figure 1 ). In a similar manner the maximal shares of patent applications an industry is responsible for in a TF are estimated for all other industries. This resulting matrix is denoted as max-weights matrix in the following. It shows positive values in the case of an industry patenting into a TF and zero values if there is no relation between an industry and a TF.
Third step: the spatial relation between R&D and patent applications
At this point, the spatial relation between R&D employees and patent applications come into play. The idea is simple: the higher the correlation in space between an industry's R&D employees and a TF's patent applications, the more likely this industry's R&D employees are an important source of patent applications assigned to this TF. Hence, one could estimate the correlation in space between each industry's R&D employees and the patent application data in the technological fields the particular industry patents into. However, in most cases more than one industry usually patents into a TF. This implies that a bivariate correlation model is inadequate and a model that accounts for multiple industries -TF relations is required. In this paper, we apply a standard multiple OLS regression. In this a TF's patent applications in a region serve as dependent variable. As independent variables, the R&D employees of those industries that patent into a particular TF are used (which show a positive value in the max-weight matrix with this TF). The importance of each independent variable is approximated by the standardized beta values. These are the results of a standardized regression. Before this multiple regression equation is fitted, all variables (dependent and independent) are standardized by subtracting the mean and dividing by the standard deviation. The obtained standardized regression coefficients, thus represent the change in a dependent variable for a change of one standard deviation in an independent variable (Backhaus et al., 2000) . For an easier interpretation of the beta values we normalize them such that they sum up to one across all industries patenting into a particular TF. The resulting matrix, which is again of 31 × 21 dimensions, is denoted as beta matrix in the following. 4 The beta matrix is the most important result of this procedure, because the normalized beta values can be interpreted as the weight each industry has on a TF's patent applications. However, it is possible that these weights exceed the maximum values estimated before and represented by the max-weights matrix. This is caused by the fact that the co-location approach is only an approximation and hence allows for over-and underestimations of the industries' effects. The obtained regression results can be biased by all kinds of factors as, e.g., performance differences of R&D employees, strong co-location between two industries, etc. This needs to be corrected for in a fourth step.
Fourth step: correcting for overestimation using the maximum weights
In the present context, the overestimation is especially problematic because it implies that the weights obtained on the base of the OLS regression are larger than the theoretical maximum weights. Since these are result of a fairly exact matching between Schmoch et al. (2003) and the Patentatlas (see above), they are certainly of superior reliability. Therefore, it seems reasonable to adjust the weights obtained by the regression (normalized beta values) such that they do not conflict with the theoretical maximum weights. This is achieved by a two-step procedure. In a first step, all OLS weights that exceed the maximum weights are cut back to the value of the maximum weights. In a second step, the excess that has been cut off is summed across all industries for each TF. We know that all patent applications in a TF stem from the industries assigned to it with a positive weight. Hence, an overestimation (excess) in one industry's weight corresponds to an underestimation of another (or more than one) industry's weight that also patents into this TF. Therefore, it is straightforward to raise those industries' weights that patent into this TF, and whose weight does not exceed (or is identical to) the maximum weight, by the same value that has been cut off. In order not to introduce to much disturbance into the OLS regression results, these industries' weights are raised in such a manner that their size proportions are not changed. For 16 out of 18 TFs in which such a phenomenon is observed this procedure yields sufficient results. In the case of TF13, there is only one industry (DG24) patenting into this field with a maximum share below one. This is (theoretically) impossible, but it is a result of imprecision in the underlying concordance by Schmoch et al. (2003) . Lacking other options, we raise the weight of industry DG24 to one. A similar phenomenon is observable in technological field TF15. Although there is more than one industry patenting into this field, their maximum weights do not add up to one in this TF.
As a solution, we raise only that industry's weight (only one has a weight below its maximum weight) that has not reached the maximum weight. Furthermore, we cut off the excess in two industries whose weights exceed the maximum weight. However, in the case we cut it not to the corresponding maximum level, but such that the sum of all weights in this industry is one. 5 Thus, as a result all weights are at their maximum and add up to one.
Result: two concordance matrices
Table 5 (which is denoted as technology matrix in the following) shows the normalized -and for over-estimation -corrected beta values. The matrix allows the investigation of each industry's contribution to the patent applications in a TF. The values of the technology matrix can be read as the approximate percentages of patent applications by an industry that are assigned to a technological field. For each technological field their values add up to one. The technology matrix represents the relationships between patent applications and industries only from the technology perspective. It is also worthwhile to set up a relationship matrix that implements the industry perspective. In contrast to the technological matrix, the industry matrix shows the percentages of an industry's patent applications that are assigned to the TFs. The values are easily estimated by using the technology matrix and each TF's shares of the total number of patents. The latter are provided by the Patentatlas and can be found in Table 2 . The resulting industry matrix is presented in Table  4 . Both, technology matrix and industry matrix, incorporate the same information. The difference lies only in the normalization. Depending on the purpose (industry or technology perspective), they represent a concordance between the 31 TFs of the Patentatlas and the 21 GIC manufacturing industries. The two matrices provide the information needed to match the technological fields to the industry classes. However, note once more that, for example, strong co-locatedness of industries and differences in innovation performance across regions are likely to bias the results substantially. But as long as firm-level data is not available, this concordance can serve as a usable down-to-earth approach. Unfortunately, the description of the TFs in Greif and Schmiedl (2002) is rather unclear (and skimpy). Therefore, we cannot check the results for their contextual plausibility. A brief description of how this concordance can be used is presented in the next subsection.
Application of the concordance
As a result of the matching procedure, two 31 × 21 matrices are obtained. They link the 31 technological fields of the Patentatlas (rows) to the 21 manufacturing industries, as defined by the GIC (columns).
In the case of the technology matrix , its entries represent the percentages of patent applications that a specific industry contributes to a technological area. Thus, one might use these values to estimate the number of patent applications that an industry accounts for in different TFs. Acting straightforwardly, one could multiply the shares with the observed number of patent applications in order to obtain the industry's patent applications. While this would certainly be the ultimate goal of such a concordance, it would clearly overstretch the capacity for accuracy of this approach. We rather disadvise to use the concordance for such issues. However, the concordance can be used to find TFs that are most relevant for an industry and vice versa. This is to say that we hope to identify 'clusters' of technologies and industries which show strong within relations, but low outside relations. We speculate that certain technologies and industries belong to the same superior field of R&D activity. This may result from the existence of a certain base technology employed by a number of industries. Or, which is more likely, on the one hand there exists a number of industries that use more or less the same technologies, while on the other hand these technologies are rather seldom used by the other industries. Hence, the aim is to find industries that are somewhat homogeneous in their technological profile. At the same time, we want to identify technologies that are somewhat homogeneous in their industrial profile. These 'clusters' are denoted as 'sectors' in the following. In order to find such structures we rearrange the concordance matrices manually by changing the order of rows and columns such that the highest values are concentrated in the diagonal. 6 A sector is characterized by high values (strong relations) between industries and technologies that are proximate neighbors and low values (weak relations) between distance industries and technologies in both matrices. Of course, this is a matter of thresholds. We apply a "fifty percent rule" which seems intuitive in this context.
A technological field is assigned to a sector if at least fifty percent of its patent applications originate from this sector's industries.
Similarly, the threshold in the other direction is defined as follows:
An industry is assigned to a sector if at least fifty percent of its patents applications are classified to the technological fields of this sector.
Since the aim is to assign as many industries and technologies to homogeneous sectors, the chosen thresholds are comparatively weak: they allow for up to fifty percent mispecifications! Still, we failed to assign one TF to a sector. TF6, "Separation and alloying," seems to be a 'perfect intersection' of the chemistry, machine building, and medical & optical equipment building sectors. Since it represents about 3.7 percent of all patent applications, it cannot be simply ignored. Rather, one is advised to control for the impact of this TF's patent applications when investigating one of these sectors. Another problematic case is TF26, "Measurement, testing, optics, photography." In the technological matrix, its weight in the medical and & optical equipment building sector stays below fifty percent as well. However, the values in the industry matrix suggest to assign it to this sector. Nevertheless, when investigating the chemistry sector or the medical & optical equipment sector, sensitivity analyses should be conducted as to whether the results are sensitive to the inclusion and exclusion of these technological fields' patent applications. With these two exceptions the assignment seems to be fairly robust: in most cases the shares of patent applications stay far above the fifty percent threshold. In fact, there are only some exceptions in which this share drops below seventy percent. On the base of this procedure, we can identify five sectors that cover all industries and 30 out of 31 technological fields: Chemistry (CHEM), Machine building (MACH), Transport equipment (TRANSP), Electrics & electronics (ELEC) and Medical & optical equipment (MED/OPT). Their composition is listed in Table 1 and depicted as gray shaded areas in the technology matrix (Table 5 ) and the industry matrix (Table 4 ). We advise to conduct sensitivity analyses
Sector
Technological fields* Industries** Control *** Chemistry  TF5, TF12, TF13,  DG24, DI26  TF6 ,TF20,  TF14, TF15  DF23  Machine  TF1, TF2, TF3, TF7, TF8, DA15, DA16, DB17, TF6, TF22,  building  TF9, TF11, TF17, TF18,  DB18, DC19, DC20, DM34  TF19, TF20,TF21, TF23,  DE21, DE22, DH25,  TF24, TF25  DJ27, DJ28, DK29,  DN36  Transport  TF10, TF22  DM34, DM35  TF23, TF20  equipment  Electrics &  TF27, TF28, TF29,  DL30, DL31, DL32  DL33  electronics  TF30, TF31  Medical &  TF4, TF16, TF26  DL33, DF23 TF6, TF15, optical equipment DL30 * As defined in Greif and Schmiedl (2002) for the TFs and industries that are listed in the column "control" because they show strong relations to this sector. With respect to the 31 TFs and 21 industries, the final number of only five sectors is somewhat disappointing. In the case of Machine building a further breakdown would have been desirable. Only in the case of TF6, DF23, and to some extent DI26, the definitions are rather vague. Hence, this concordance seems to be rather robust with respect to the definition of these five sectors. Industry DF23, "Manufacture of coke, refined petroleum products and nuclear fuel," shows an almost equal importance for the Chemistry sector and the Medical and optical equipment sector. Therefore, we cannot assign it to either. The name of this industry, "Manufacture of coke, refined petroleum products and nuclear fuel," suggests to assign it to the Chemistry sector. Since we do not know to which extent the names represent the actual industrial activities, we also suggest to control for this industry if one of the two sectors are investigated. In summarizing, we find five sectors that can be defined fairly clearly in terms of technological fields and industries. The 'noise' in these definitions is rather small which indicates that they are robust if one controls for a limited number of ambiguous TFs and industries.
Conclusion
The Patentatlas by Greif and Schmiedl (2002) represents an important source for patent data in Germany. It does not only provide disaggregated patent application data on different regional levels, but also divides the applications into 31 technological fields. While it seems straightforward to use these technological fields in industry-specific studies, the correct assignment of technological fields to industries is problematic. The reason is that there is no concordance that matches these technological fields to a commonly used industry classification, as, e.g., the NACE or the German Industry Classification ('Wirtschaftszweigklassifikation'). Thus, the usability of the Patentatlas is seriously reduced for studies that use industry-specific data defined by one of these industry classifications. This paper presents an application-oriented approach to this issue. In using industry-specific R&D employment numbers on a regional level, a concordance between the 31 technological fields and 21 manufacturing industries of the German Industry Classification is developed. At its core, the matching procedure translates the basic concordance by Schmoch et al. (2003) (which is aggregated to the 31 technological fields of the Patentatlas) with the weights an industry has on the technological field's patent applications. The estimated weights reflect the extent to which R&D employees of an industry and patent applications in a technological field are co-located across German labor market regions. Five sectors are identified that can be comparatively clearly defined in terms of technological fields and industries. These sectors represent groups of industries that are quite homogeneous with respect to their technological profile. They are the "Chemistry sector," "Machine building sector," "Transport equipment sector," "Electrics and electronics sector, " and "Medical and optical equipment sector." For only two of the 21 industries this assignment is rather weak. In the case of one technological field, an assignment seems to be even impossible with the data and method employed here. Also, a further breakdown of the machine building sector would have been desirable. The use of firm-level data would certainly increase the reliability and breakdown of the concordance matrix. In any case, this attempt is to be seen as an invitation to motivate more work on this issue. Nevertheless, in the light of the availability of appropriate data, our approach yields robust results and provides a helpful tool for researchers using these data sources. Greif and Schmiedl (2002) . **Translation by author based on German nomenclature by Greif and Schmiedl (2002) manufacture of articles of straw and plaiting materials DE21 Manufacture of pulp, paper, and paper products; publishing and printing DE22 Publishing, printing, and reproduction of recorded media DF23 Manufacture of coke, refined petroleum products, and nuclear fuel DG24 Manufacture of chemicals and chemical products DH25 Manufacture of rubber and plastic products DI26
Manufacture of other nonmetallic mineral products DJ27
Manufacture of basic metals DJ28
Manufacture of fabricated metal products, except machinery and equipment DK29 Manufacture of machinery and equipment n.e.c. DL30 Manufacture of office machinery and computers DL31 Manufacture of electrical machinery and apparatus n.e.c. DL32 Manufacture of radio, television, and communication equipment and apparatus DL33 Manufacture of medical, precision, and optical instruments, watches and clocks DM34 Manufacture of motor vehicles, trailers, and semitrailers DM35 Manufacture of other transport equipment DN36 Manufacturing of furniture, manufacturing n.e.c. 
